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Introduction
This paper considers estimation methods and inference for linear dynamic panel data models with a short time dimension. In particular, we focus on the identification of coefficients of time-invariant variables in the presence of unobserved unit-specific effects. In many empirical applications time-invariant variables play an important role in structural equations. In labor economics researchers are interested in the effects of gender, nationality, ethnic and religious background, or other time-invariant characteristics on the evolution of wages but would still like to control for unobserved time-invariant individualspecific effects such as worker's ability. As a recent example, Andini (2010b) estimates a dynamic version of the Mincer equation controlling for a rich set of time-invariant characteristics. In macroeconomic cross-country studies institutional features or group-level effects play a role in explaining economic development. For example, Hoeffler (2002) studies the growth performance of Sub-Saharan Africa countries by introducing a regional dummy variable in her dynamic panel data model. Cinyabuguma and Putterman (2011) focus on within Sub-Saharan differences by adding socio-economic and geographic factors to the analysis.
If there is unobserved unit-specific heterogeneity, it is often hard to disentangle the effects of the observed and the unobserved time-invariant heterogeneity. Standard fixed and random effects estimators cannot be used because of multicollinearity problems and, when the time dimension is short, the familiar Nickell (1981) bias in dynamic panel data models first discovered by Hurwicz (1950) for time series models. Therefore, it is common practice in empirical work to apply the generalized method of moments (GMM) framework proposed by Arellano and Bond (1991) , Arellano and Bover (1995) , and Blundell and Bond (1998), amongst others. However, as Binder et al. (2005) and Bun and Windmeijer (2010) emphasize, GMM estimators might suffer from a weak instruments problem when the autoregressive parameter approaches unity or when the variance of the unobserved unit-specific effects is large. Moreover, the number of instruments can rapidly become large relative to the sample size. The consequences of instrument proliferation, summarized by Roodman (2009) , range from biased coefficient and standard error estimates to weakened specification tests.
In order to overcome the weak instruments problem in the context of estimating the effects of time-varying regressors, Hsiao et al. (2002) propose a transformed likelihood approach that is based on the model in first differences. A shortcoming of this approach is the inability to estimate the coefficients of time-invariant regressors. In this paper, we propose a two-stage estimation procedure to identify the latter. In the first stage, we estimate the coefficients of the time-varying regressors. Subsequently, we regress the first-stage residuals on the time-invariant regressors.
1 We achieve identification by us-1 For a static model, Plümper and Troeger (2007) propose a similar three-stage approach that they label fixed effects vector decomposition (FEVD) . Their first stage is a classical fixed effects regression. In a recent symposium on the FEVD method, Breusch et al. (2011) and Greene (2011) show that the first two stages can be characterized by an instrumental variable estimation with a particular choice of 1 ing instrumental variables in the spirit of Hausman and Taylor (1981) , and adjust the second-stage standard errors to account for the first-stage estimation error. Our methodology applies to any first-stage estimator that consistently estimates the coefficients of the time-varying variables without relying on coefficient estimates for the time-invariant regressors. As potential first-stage candidates we discuss the quasi-maximum likelihood (QML) estimator of Hsiao et al. (2002) as well as GMM estimators. A major advantage of the two-stage approach is the invariance of the first-stage estimates to misspecifications regarding the model assumptions on the correlation between the time-invariant regressors and the unobserved unit-specific effects.
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We perform Monte Carlo experiments to evaluate the finite sample performance in terms of bias, root mean square error (RMSE), and size statistics of our two-stage procedure relative to various GMM estimators that estimate all coefficients simultaneously. The results suggest that the two-stage approach is to be preferred when the researcher is interested both in the coefficients of time-varying and time-invariant variables. However, the quality of the second-stage estimates depends crucially on the precision of the first-stage estimates. Among our first-stage candidates the two-stage QML estimator performs very well when the time-varying regressors (besides the lagged dependent variable) are strictly exogenous. GMM estimators can be an alternative if effective measures are taken to avoid instrument proliferation. Our Monte Carlo analysis unveils sizable finite sample biases when the GMM instruments are based on the full set of available moment conditions. An easy way of reducing the instrument count is a restriction of the lag depth in the formation of the instrument matrices. However, our simulation results suggest that this does not solve the problem because the efficiency loss of disregarding relevant information outweighs the benefits of a more parsimonious instrument set. In contrast, collapsing the instrument matrices by forming linear combinations of the initial instruments improves the finite sample results considerably. Finally, in contrast to conventionally computed standard errors our adjusted second-stage standard errors can account remarkably well for the first-stage estimation error.
To illustrate these methods we estimate a dynamic Mincer equation with data from the Panel Study of Income Dynamics (PSID). We use Hausman and Taylor (1981) -type instruments to deal with the endogeneity of the schooling variable that is assumed to be correlated with unobserved individual-specific ability. In our sample of salaried workers, education is a time-invariant variable. To identify the return to schooling we use the level of the time-varying variables as instruments, in particular the industry dummy variables. Compared with the non-instrumented case, the return to schooling is sizably reduced. Moreover, the correct adjustment of the second-stage standard errors proves to be important for valid inference.
instruments, and that the third stage is essentially meaningless. Because the FEVD is widely associated with the original three-stage approach of Plümper and Troeger (2007) , we do not adopt this name here.
2 Hoeffler (2002) and Cinyabuguma and Putterman (2011) argue similarly. They apply GMM estimation in the first stage, and ordinary least squares estimation in the second stage. However, they do not correct the second-stage standard errors.
The paper is organized as follows: Section 2 explains the model and the identification strategy. Section 3 lays out the two-stage estimation procedure to identify the coefficients of time-invariant regressors. Section 4 describes one-and two-stage GMM estimation, while Section 5 briefly describes two-stage QML estimation. Section 6 provides simulation evidence on the performance of the two-stage estimators in comparison to several onestage GMM estimators under different scenarios. In Section 7 we discuss the empirical application of the methods discussed in this paper, and Section 8 concludes.
Model
Consider the dynamic panel data model with units i = 1, 2, . . . , N , and a fixed number of time periods t = 1, 2, . . . , T : 3 y it = λy i,t−1 + x it β + f i γ + e it ,
where x it is a K x × 1 vector of time-varying variables. The initial observations of the dependent variable, y i0 , and the regressors, x i0 , are assumed to be observed. f i is a K f ×1 vector of observed time-invariant variables that includes an overall regression constant, 4 and α i is an unobserved unit-specific effect of the i-th cross section. In a strict sense, α i is called a fixed effect if it is allowed to be correlated with all of the regressor variables x it and f i , 5 and it is a random effect if it is independently distributed. In this paper we look at a hybrid (or intermediate case) of the dynamic fixed and random effects models where some of the regressors are correlated with α i but not all of them.
6 Throughout the paper we maintain the following assumptions: Assumption 2: The unit-specific effects α i are independently distributed from the disturbances u it with E[α i ] = 0 and E[α Assumption 3: The explanatory variables can be decomposed as x it = (x 1it , x 2it ) and
The resulting model is the dynamic counterpart of the Hausman and Taylor (1981) model. For further reference, the lengths of the subvectors are K x1 , K x2 , K f 1 , and K f 2 , respectively.
8 Accordingly, the parameter vectors are partitioned as β = (β 1 , β 2 ) and γ = (γ 1 , γ 2 ) . If K x2 = K f 2 = 0 the model collapses to the dynamic random effects model. Contrarily, K x1 = 0 and K f 1 = 1 (the constant term) leads to the dynamic fixed effects model. For the static model (λ = 0) with strictly exogenous regressors x it , Hausman and Taylor (1981) propose an instrumental variable estimator that uses deviations from their within-group means,ẍ it = x it −x i , as instruments for the regressors x it , and the withingroup meansx 1i as instruments for f 2i . The full set of instruments is z it = (ẍ it ,x 1i , f 1i ) . To improve on the efficiency of the estimator, Amemiya and MaCurdy (1986) propose to use all time periods of x 1it separately as instruments instead of the within-group means such that z it = (ẍ it , x 1i1 , . . . , x 1iT , f 1i ) . Breusch et al. (1989) additionally suggest to use each individual deviation from the within-group means as a separate instrument. Thus, z it = (ẍ i1 , . . . ,ẍ iT , x 1i1 , . . . , x 1iT , f 1i ) . Furthermore, excluded exogenous instruments might be available. This approach requires K f 2 ≤ (K z − K x − K f 1 ) for the parameters γ 2 to be at least just identified, where K z is the total number of instruments. With appropriate instruments for the lagged dependent variable, this approach directly extends to the dynamic model. We then need
In some applications, time-invariant regressors do not emerge directly from a theoretical model but from an attempt to obtain a dynamic random effects model without assuming K x2 = 0 from the outset. Mundlak (1978) proposes to model the latent effects as an affine function of the within-group means of the time-varying regressors:
with E[η i |x it ] = 0. Similarly, Chamberlain (1982) proposes to project the unobserved effects on all elements of the time-varying regressors x it instead of the within-group means:
Consequently, we obtain a representation of model (1) with f i = (1,x i ) in case of projection (3), and f i = (1, x i0 , x i1 , . . . , x iT ) for projection (4). Moreover, for the transformed model K x2 = K f 2 = 0. This approach, however, usually does not work if time-invariant regressors are already present in the structural model equation. To illustrate this case, assume that projection (3) is applied when the model includes regressors f 1i . As a consequence, E[η i |f 1i ] = 0 although E[α i |f 1i ] = 0 unless another restrictive condition holds.
To see this, take the conditional expectation of (3) with respect to f 1i :
Consequently, E[η i |f 1i ] can only be zero for any
Another example of time-invariant variables that emerge from econometric considerations are cluster-specific effects. Without loss of generality, let us define clusters C j = {i|N j−1 < i ≤ N j }, j = 1, 2, . . . , J, with N 0 = 0, 1 ≤ N 1 < N 2 < . . . < N J , and N J = N for appropriately ordered units i. The affiliation of the units to the clusters is non-random and known. Moreover, J N and J/N → 0 as N → ∞ to avoid the incidental parameters problem.
10 Then, we decompose the unit-specific effects α i into cluster-specific effects c j and a random component η i :
such that E[η i |c j ] = 0. When the size of the cluster effects is of interest to get a sense of the cross-cluster heterogeneity that is unexplained by the remaining regressors, we add J − 1 cluster dummy variables to the set of time-invariant regressors.
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In the remaining sections, we distinguish between weakly and strictly exogenous regressors x it with respect to the disturbance term u it .
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Assumption 4.1: The time-varying regressors x it are strictly exogenous with respect to the disturbances u it : E[u it |x i0 , x i1 , . . . , x iT ] = 0.
Assumption 4.2:
The time-varying regressors x it are weakly exogenous with respect to the disturbances u it : E[u it |x i0 , x i1 , . . . , x it ] = 0 and E[u it |x is ] = 0 ∀s > t.
In addition, we assume:
9 A trivial example for this condition being satisfied is when the only time-invariant variable is the regression constant, that is f i = 1. Note that its coefficient is γ + b.
10 When J/N → κ with κ = 0, the number of parameters to be estimated increases at the same rate as the sample size. This leads to the familiar incidental parameters problem discussed by Neyman and Scott (1948) .
11 This is also a stylized way of introducing spatial dependence into the model. 12 Recall that there is already an intercept term in f 1i . Hoeffler (2002) investigates the slow growth performance of economies in Sub-Sahara Africa by including a regional dummy variable in an augmented Solow model. Implicitly, she applies projection (6) with two clusters, namely Sub-Saharan Africa on the one side and the remaining countries in her sample on the other side. 13 We do not explicitly treat the case of a combination of strictly and weakly exogenous regressors as the necessary adjustments are straightforward.
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To facilitate the subsequent derivations we introduce the following notation. Let y i = (y i1 , y i2 , . . . , y iT ) , y i,−1 = (y i0 , y i1 , . . . , y i,T −1 ) ,
where ⊗ denotes the Kronecker product and ι T is a T × 1 vector of ones, and θ = (λ, β ) . Then, model (1) can be written in stacked form as:
The corresponding model in first differences is:
where ∆y i = Dy i , ∆W i = DW i , and
, where I T −1 is the identity matrix of dimension (T − 1). Obviously, this transformation removes all time-invariant components. To further ease the notational burden, let y * i = (y i0 , y i ) , X * i = (x i0 , X i ) , and accordingly ∆y * i = (∆y i1 , ∆y i ) , and ∆X * i = (∆x i1 , ∆X i ) . Unit-specific time means are denoted with a bar, for examplex *
. When we stack the data for all units below each other, for example y = (y 1 , y 2 , . . . , y N ) , we leave out the subscripts.
Finally, under assumptions 1 and 2, the asymptotic variance-covariance matrix of the residuals
Consequently, the asymptotic variance-covariance matrix of the first-differenced disturbances ∆u i is:
Two-Stage Estimation
The contribution of this paper is to focus on the estimation of the coefficients γ of the time-invariant variables. In the next section, we show how GMM estimators can be adjusted to the assumed correlation structure. However, since all regression coefficients are recovered simultaneously, a misspecification of the moment conditions might lead to a biased estimation of all coefficients including λ and β. We therefore lay down a two-stage estimation procedure. In a first stage, we subsume the time-invariant variables f i under the unit-specific effects, α * i = α i + f i γ, and consistently estimate the coefficients λ and β independent of the assumptions on the correlation structure between f i and α i . In the second stage, we recover γ.
The first-stage model is
where
To obtain the first-stage estimatesλ andβ we can apply a transformation that eliminates the time-invariant unit-specific effects α * i . In particular, the GMM estimator of Arellano and Bond (1991) and the QML estimator of Hsiao et al. (2002) are based on the first-differenced model (8) while Arellano and Bover (1995) propose a GMM estimator based on forward orthogonal deviations. Alternatively, system GMM estimators that also make use of the level relationship can be applied taking into account that the error term of the first-stage model is e * it instead of e it . This distinction is important if K x1 > 0 but some or all of the variables in x 1it are correlated with f i . These variables are uncorrelated with α i but not α * i . In the second stage, we estimate the coefficients γ of the time-invariant variables based on the cross-sectional relationship in the level equation:
In particular, note the two additional terms in (13) that are due to the first-stage estimation error. Under assumption 3, the regressors f 2i are endogenous in the regression model (11). Hausman and Taylor (1981) suggest to use the within-group meansx * 1i as instruments for these endogenous time-invariant regressors. Consequently, the K x1 + K f 1 instruments for the second-stage regression would bez i = ((x * 1i ) , f 1i ) . Following Amemiya and MaCurdy (1986) and Breusch et al. (1989) , a more efficient instrumental variable estimator makes use of all individual time periods such that K x1 (T + 1) + K f 1 instruments are available, namelyz i = (x 1i0 , . . . , x 1iT , f 1i ) . Note that under assumption 4.2 both sets of instruments are only valid when we base the second-stage model (11) on the cross-section in period T . For any other generic time period t the available instrument set shrinks toz i = (x 1i0 , . . . , x 1it , f 1i ) and the within-group averages are no longer valid instruments.
14 Identification of γ 2 requires that the number of instruments is greater or equal than K f . The 2SLS estimator is given by:
It is easily seen that E[α i + u iT |z i ] = 0 together with consistency of the first-stage 14 Another choice might be to regress the within-group meansr i on f i . However, under assumption 4.2 this attempt shrinks the available instrument set toz i = (x 1i0 , x 1i1 , f 1i ) .
estimatorθ imply consistency of the second-stage estimator:
Importantly, the error term v iT of the second-stage regression is cross-sectionally correlated and exhibits heteroscedasticity due to the presence of the estimation error in the first-stage coefficients. Therefore, the conventional standard errors obtained from OLS or 2SLS estimation are inconsistent and lead to invalid inferences. However, this does not affect the consistency of the second-stage estimatorγ. The asymptotic distribution of the second-stage estimator (14) is determined by the components of v iT :
By applying the central limit theorem, we can now establish the joint asymptotic distribution of the first-stage and the second-stage estimators:
with
] is the asymptotic variance-covariance matrix of the first-stage estimator, and
Under homoscedasticity of α i and u it equation (20) simplifies to
We can estimate the asymptotic variance-covariance matrix of the second-stage estimator by calculating the respective sample analogs of the matrices A 1 , A 2 , and A 3 . An estimate for σ 2 u is typically available from the first-stage regression but not for σ 2 α . However, a consistent estimate for σ 2 e = σ 2 α + σ 2 u can be obtained as follows:
withv it given byv
Note thatv it =v iT − T s=t+1 ∆u is , t = 1, 2, . . . , T −1, where ∆u it are the estimated firststage residuals of the first-differenced model. An estimate of Σ θ is readily available from the first-stage estimation. Estimation of the asymptotic covariance matrix C requires knowledge of the closed-form solution of the first-stage estimatorθ. We will derive an expression of C for the GMM and QML first-stage estimators that we discuss in the next sections.
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GMM Estimation
In this section, we discuss generalized method of moments estimation for linear dynamic panel data models that is based on moment conditions for the model in first differences, E[(Z 
Moment Conditions
Following Arellano and Bond (1991) and Blundell et al. (2001) , assumptions 1 and 2 imply the following T (T − 1)/2 moment conditions for the model in first differences:
Under the strict exogeneity assumption 4.1 we have another
In the case of weakly exogenous regressors, assumption 4.2, there are only the following K x (T + 2)(T − 1)/2 moment conditions available:
At this stage, we do not need to make a distinction between regressors that are correlated and those that are uncorrelated with α i . Following Arellano and Bover (1995) , the presence of time-invariant regressors provides another K f (T − 1) moment conditions:
Under assumption 1, the disturbances u it are homoscedastic through time. Following Ahn and Schmidt (1995) , this implies another (T − 2) moment conditions:
We can combine these moment conditions for the first-differenced equation:
x,it differ according to the assumption about the regressor variables. We have z d x,it = (x i0 , x i1 , . . . , x iT ) under strict exogeneity and z d x,it = (x i0 , x i1 , . . . , x i,t−1 ) under weak exogeneity of the regressors. Based on the moment conditions (29) we can set up a first estimator that is often called "difference GMM" estimator. However, this estimator will generally be inefficient as it does not exploit all available information, and it cannot identify γ. To add further moment conditions for the model in levels we will partly rely on the following assumption: Assumption 6.1: E[∆y i1 α i ] = 0, and E[∆x 2it α i ] = 0, t = 1, 2, . . . , T .
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Under the additional assumption 6.1, Blundell and Bond (1998) establish the following (T − 1) linear moment conditions for the model in levels:
For the regressors x 1it , Arellano and Bond (1991) introduce the following K x1 (T + 1) level moment conditions:
Moreover, Arellano and Bover (1995) and Blundell et al. (2001) introduce another K x2 T moment conditions for the regressors x 2it under assumption 6.1:
Note that assumption 6.1 implies
Exploiting this relationship, we have K x2 additional moment conditions:
All remaining moment conditions for the model in levels are redundant for these variables. Arellano and Bover (1995) further suggest K f 1 moment conditions for the time-invariant regressors f 1i that are uncorrelated with the unit-specific effects α i :
The additional level moment conditions E[f 1i e it ] = 0, t = 1, 2, . . . , T , are again redundant. Finally, we combine the level moment conditions:
Ahn and Schmidt (1995) derive further non-linear moment conditions under assumptions 1 and 2, namely E[u it ∆u i,t−1 ] = 0, t = 3, 4, . . . , T , and E[ū i ∆u i2 ] = 0. The latter again results from homoscedasticity of u it . In this paper, we restrict our attention to the linear moment conditions above. 
System GMM Estimator
The moment conditions for the two equations can be combined by considering a system of equations: y
where 
Based on the sample moments
we can derive the GMM estimator (θ ,γ ) as a minimum distance estimator:
where V N is a weighting matrix that might depend on the data, with plim V N = V for a positive definite matrix V. It is readily seen that this minimization problem can be rewritten in terms of the level residuals only with the transformed instrument matrix
Consequently, θ
whereẆ = (W, F). Notably, the first block of the transformed instrument matrix,
, is a set of instruments that are orthogonal to any time-invariant variable. We can consistently estimate the asymptotic variance-covariance matrix Σ of the GMM estimator as follows:
whereΞ is a consistent estimate of Ξ = plim (37) is efficient for a given instrument matrix Z if V = c Ξ −1 for any constant scalar c > 0. Then, a consistent estimate of the asymptotic variance-covariance matrix (38) is given by:
With prior knowledge of the ratio τ = σ 2 α /σ 2 u , an optimal weighting matrix is:
such that V = σ 2 u Ξ −1 . In general, however, there exists no asymptotically efficient onestep GMM estimator 19 since τ is unknown.
20 In this case, it is common practice to use
with either
19 In this paper, we call an estimator a one-step estimator if it is not based on prior estimates. In contrast, a two-step estimator is a feasible efficient estimator that makes use of consistent initial estimates. The denotation of a one-stage estimator is used for estimators that obtain all coefficient estimates simultaneously (potentially in two steps) while a two-stage estimator first obtains the coefficients of the time-varying regressors and second the coefficients of the time-invariant regressors given the first-stage estimates.
20 Compare Blundell and Bond (1998), Windmeijer (2000) , and Blundell et al. (2001) .
H 1 is used, among others, by Arellano and Bover (1995) and Blundell and Bond (1998) , while Blundell et al. (2001) take the first-order serial correlation in the first-differenced residuals into account by choosing H 2 . When σ 2 α is small, Windmeijer (2000) suggests to reduce the potential efficiency loss by using H 3 . In fact, when τ = 0, the weighting matrix (41) based on H 3 equals the optimal weighting matrix (40) under assumptions 1 and 2 since H 3 = TT .
We can obtain a two-step GMM estimator with optimal weighting matrix by choosing
Under assumptions 1 and 2, we can obtain a restricted estimate asΞ = N
where ∆u it = ∆y it − ∆W itθ . The importance of choosing an appropriate first-step weighting matrix should not be underestimated in applied work. Although the two-step GMM estimator is asymptotically unaffected, its finite sample performance still depends on the choice of V N in the first step. Windmeijer (2005) shows that asymptotic standard error estimates of the two-step GMM estimator can be severely downward based in finite samples. He derives a finite sample variance correction. When the estimator only involves moment conditions for the model in first differences, such that Z i = D Z d i , the optimal weighting matrix boils down to
, as suggested by Arellano and Bond (1991) . In this case, the onestep estimator is as efficient as the two-step estimator under assumption 1 because the optimal weighting matrix does not depend on τ any more.
Reduction of the Number of Instruments
If all the assumptions are met, using the full instrument matrix based on the moment conditions set out in Subsection 4.1 is asymptotically efficient. In finite samples, however, severe distortions can result from having too many instruments relative to the sample size. Roodman (2009) stresses four main symptoms of instrument proliferation. First, the coefficient estimates can be biased towards the non-instrumented estimates because a large set of instruments potentially overfits the model. Second, the optimal weighting matrix of two-step GMM estimators might be poorly estimated because its dimension increases with the number of the instruments. Third, as a result of the imprecisely estimated weighting matrix the estimated standard errors of two-step GMM estimators tend to be downward biased. This issue is addressed by Windmeijer (2005) who provides a finite sample correction for the variance of two-step GMM estimators. Fourth, specification tests for two-step GMM estimators that are also based on an estimate of the optimal weighting matrix, as the Hansen (1982) J-test for the validity of the overidentifying restrictions, become weak. This might lead to a false indication that the overidentifying restrictions are valid when in fact they are not.
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When the full instrument matrix Z i is used these problems can become severe already for time dimensions that are usually still considered as being small. It is easily seen that the number of moment conditions for the first-differenced equation grows with rate T 2 when the time dimension increases, and those of the level equation with rate T . In applied work, researchers often restrict the number of lags that are used to construct the instrument matrix for the first-differenced equation. With a fixed lag depth the number of instruments becomes linear in T . Alternatively, reducing the instrument count from quadratic to linear in T can also be achieved by systematically using linear combinations instead of all moment conditions separately.
22 Both procedures are effectively deterministic transformations of the instrument matrix. As discussed by Mehrhoff (2009) 
Two-Stage GMM Estimation
If some of the variables f 2i that are correlated with the unit-specific effects are mistakenly classified as variables f 1i that are supposed to be uncorrelated with the latent effects, all coefficient estimates will generally be biased including those of the time-varying regressors. However, there is an important exception. If γ is only just identified (or even underidentified), that is rk(Z l ) ≤ K f , the identification of the coefficients λ and β does neither depend on Z l i nor on the covariance of the time-varying with the time-invariant regressors. This is a consequence of DF i = 0. Therefore, a bias inγ does not translate into a bias inθ in this case. An example for this case is K f 2 = 0 and Z l i = F 1i . A brute force alternative would be to specify a GMM estimator that treats all variables as potentially correlated with α i . While this procedure still allows to identify λ and β, the coefficients γ are identified only technically by virtue of the overidentifying restrictions. Although unbiased, the GMM estimatesγ are not informative. The transformed instruments for the first-differenced equation are orthogonal to all time-invariant variables by construction. The remaining demeaned and first-differenced instruments also do not help identifying γ because it is unlikely that these instruments are correlated 21 See Roodman (2009) and the references therein for an extensive discussion. with the time-invariant regressors when assumption 6.1 holds.
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A robust alternative is based on a two-stage estimation strategy. In the first stage, the time-invariant variables (besides the regression constant) are subsumed under the unit-specific effects, and the corresponding moment conditions (34) are left disregarded. We thus require that assumption 6.1 still holds for α * i = α i + f i γ. If the regressors x 1it are correlated with f i , the moment conditions (31) become invalid as well. We then have to treat x 1it equivalently to x 2it and use the corresponding moment conditions (32) and (33) instead. The resulting first-stage GMM estimator is given by equation (37) after adjusting the instrument matrix appropriately and replacingẆ with (W, ι N T ).
24 The first-stage variance-covariance matrix Σ is adjusted accordingly. The estimatesθ are subsequently used to recover γ as described in Section 3.
The second-stage estimatorγ is given in equation (14), and its asymptotic variancecovariance matrix Σ γ in equation (20). Under assumptions 1 and 2, the asymptotic covariance matrix C is given by:
with V = plim V N as defined in Subsection 4.2,J = (I 1+Kx , 0 1+Kx×1 ), and
where s T = (0, . . . , 0, 1) is of dimension T × 1 with 1 at position T and zeros elsewhere. This two-stage procedure is not restricted to a GMM estimator in the first stage. We can apply any first-stage estimator that consistently estimates the coefficients of the time-varying regressors without relying on estimates of the coefficients of time-invariant regressors. Thus, estimators that are solely based on the first-differenced model are natural first-stage candidates. An example for such an estimator is the QML estimator of Hsiao et al. (2002) that we discuss in the next section.
Two-Stage Quasi-Maximum Likelihood Estimation
If K x2 = K f 2 = 0 we can immediately estimate model (1) with the random effects maximum likelihood estimator of Bhargava and Sargan (1983) and Hsiao et al. (2002) . When this strong assumption does not hold, Hsiao et al. (2002) propose to estimate the coefficients of the time-varying regressors including the lagged dependent variable based on the first-differenced model (8). However, this procedure not only eliminates the incidental parameters α i but also the time-invariant variables f i . The latter can be recovered in a second stage. 25 If all columns of Z i are orthogonal to time-invariant variables the term σ 2 α S 3 drops out.
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Under the strict exogeneity assumption 4.1 the joint density of ∆y * i conditional on ∆X * i is given by:
All but the last term can be easily derived from the first-differenced model (8). This is not the case for f (∆y i1 |∆X * i ) because ∆y i0 is not observed. Hsiao et al. (2002) apply linear projection techniques to derive the following initial observation condition:
based on the following assumption:
Assumption 6.2: x it is generated either by a trend stationary or first-difference stationary process such that ∆x it is covariance stationary:
If this stationarity assumption is violated, b and π = (π 1 , π 2 , . . . , π T ) might depend on i such that the incidental parameters problem is still present. The properties of the error term ξ i1 are E[ξ
, and E[ξ i1 ∆u it ] = 0 for t = 3, 4, . . . , T . Under the additional assumption that u it and it are normally distributed we can now set up the transformed likelihood function:
and ∆x i = (∆x i1 , ∆x i2 , . . . , ∆x iT ) , we can rewrite the log-likelihood function as
The weak exogeneity assumption 4.2 requires the derivation of a joint density of ∆y * i and the weakly exogenous regressors. According to Hsiao et al. (2002) , the only difference in the likelihood function compared to the strict exogeneity case is the initial condition which they model as a function of the initial observations of the regressor variables only instead of using all available observations:
such that ∆x i = ∆x i1 . Hsiao et al. (2002) derive the following first-order conditions:
where ϑ = (T, T − 1, T − 2, . . . , 1) . By inserting the first-order conditions forφ andσ 2 u back into the log-likelihood function, we get a concentrated log-likelihood function that depends only on ω. We can then apply an iterative procedure to derive the maximizing valueω and subsequently recover the other parameter values. For a given value of ω the 27 See Hsiao et al. (2002) for details on the derivation.
quasi-maximum likelihood estimator for λ and β is given by:
as derived by Hsiao et al. (2002) . 28 The variance-covariance matrix ofθ is the lowerright (1 + K x ) × (1 + K x ) block of the inverse negative Hessian matrix from the above maximization problem.
Analogously to the two-stage estimation discussed in the GMM Subsection 4.4 we can recover the coefficients γ of the time-invariant regressors in a second stage. The second-stage estimatorγ is again given by equation (14), and the joint distribution of the first-stage and second-stage estimators by equations (18) to (20), where now Σ θ is the asymptotic variance-covariance matrix of the QML estimatorθ and
and s T defined in Section 4.4.
6 Monte Carlo Simulation
Simulation Design
In our Monte Carlo experiments we focus on the case K x1 = K f 2 = 0. That is, the time-varying regressor x it is correlated with the unobserved fixed effects and the timeinvariant regressor f i is uncorrelated with them. For the ease of comparability of the different estimation methods we choose K x = K f = 1, even though we note that some problems of GMM estimators that result from too many overidentifying restrictions might aggravate with a larger number of time-varying regressors. We generate y it and x it according to the following processes:
and
such that x it is strictly exogenous with respect to u it . We generate the observed unit-specific effects f i as an independent binary variable from a Bernoulli distribution with success probability p. The unobserved unit-specific effects α i and η i are generated from a joint normal distribution:
such that the variances of η i and f i coincide. The particular design of the process for x it guarantees that the correlation between x it and f i can be altered while keeping the variance of x it unchanged, because
is independent of ρ. ν ≥ 0 is introduced as a scale parameter. The correlation coefficient for x it and f i can be written as:
Since ρ ∈ [−1, 1], it can be interpreted as a correlation coefficient net of the variation coming from it . We set the long-run coefficient β/(1 − λ) = 1 and initialize the processes at t = −50 with their long-run means given the realizations of the unit-specific effects: and discard the first 50 observations for the estimation. The covariance between the two unobserved fixed effects α i and η i is set to σ αη = 1 2 σ α p(1 − p) which creates a positive correlation between x it and α i . We also fix γ = 1, φ = 0.8, σ 2 u = 1, ν = 1, p = 1 2 and µ α = µ η = 0. To ensure an adequate degree of fit, we fix the population value of the coefficient of determination for the first-differenced model, R 2 ∆y , in a similar fashion as Hsiao et al. (2002) . For the data generating process stated above it is given by:
We fix R 2 ∆y = 0.2 and determine σ 2 from the above equation:
Finally, we simulate the data with different combinations for the remaining parameters according to Table 1 with T ∈ {5, 10} and N ∈ {50, 200, 500}. Our baseline calibration, design 1, features a relatively persistent process of y it , a large variance of the unobserved unit-specific effects, and a high correlation between the strictly exogenous regressor x it and the time-invariant variable f i . In comparison to the baseline calibration, design 2 has a lower variance of α i , in design 3 y it is less persistent, and in design 4 the regressors x it and f i are uncorrelated. In total, we do 2500 repetitions for each simulation design.
The initial values for the QML optimization are obtained from a consistent system GMM estimation. Hsiao et al. (2002) report that the (first-stage) maximum likelihood estimator sometimes breaks down in their simulation. We face the same problem of getting an initial estimate of ω smaller than (T − 1)/T in some cases, especially when N is small. However, in contrast to Hsiao et al. (2002) we do not skip those replications but instead change the initial estimate of ω to (T − 1)/T + δ, where we choose δ = 0.01.
30
We compare the two-stage QML estimator, "2s-QML", to various GMM estimators that use different sets of instruments and recover the coefficient of the time-invariant regressor either in one or in two stages. To trace back the simulation results to specific 29 The derivation of R 2 ∆y can be found in Appendix C. 30 The particular choice of δ does not matter as long as it is small enough.
properties of the estimators, we report the results for the following five GMM specifications.
31 First, we set up a two-step system GMM estimator that exploits the full set of moment conditions and recovers all parameters jointly in one stage, "1s-sGMM-2 (full)".
32 Besides the moment conditions (27) and (34) that result from the presence of the time-invariant regressor, this estimator equals the one proposed by Blundell et al. (2001) . To reduce the instrument count the most commonly applied method is restricting the lag depth of the instrumental variables. Therefore we set up an estimator using only a maximum number of two lags per variable, "1s-sGMM-2 (2 lags)". The remaining GMM estimators all use a collapsed set of instruments to deal with the problems resulting from too many instruments as discussed in Section 4.3.
33 For the collapsed one-stage system GMM estimator we report the results both for the one-step, "1s-sGMM-1 (collapsed)", and for the two-step version, "1s-sGMM-2 (collapsed)". Although the one-step system GMM estimator is generally inefficient due to the absence of an optimal weighting matrix, the results below reveal some interesting differences between both versions for the coefficient of the time-invariant regressor. Finally, we consider a GMM estimator that recovers the coefficients in two stages and is based in the first stage on a two-step system GMM estimator, "2s-sGMM-2 (collapsed)". For all GMM estimators we base the first-step weighting matrix (41) on the matrix H 2 . To compute the standard errors of the GMM estimators, we use the robust variance-covariance formula (38) with an unrestricted estimate of Ξ. For two-step estimators, we apply the Windmeijer (2005) correction. Table 2 summarizes the simulation results for our baseline design. First of all, the twostage QML estimator shows a very small bias relative to the true parameter value for all three coefficients. For γ, the coefficient of our main interest, the two-stage QML estimator has a strong lead as its relative bias is only 0.5% compared to 3.2 % of the second-best estimator. The root mean square error also favors the QML approach. For the coefficients of the time-varying regressors, these results confirm the findings of Hsiao et al. (2002) . For γ only the one-stage one-step system GMM estimator with collapsed instrument matrices has a slightly lower RMSE but the magnitudes are comparable. The actual rejection frequencies of the Wald tests that the estimated coefficients equal their true values also support the two-stage QML estimator. They are reasonably close to the nominal size of 5 or 10 percent, respectively, even though the estimated standard errors for the autoregressive parameter λ tend to be too small. On average they amount to 85% of the empirical standard deviation. For the second-stage parameter γ, the ratio 31 We also did simulations for other transformations of the instrument matrices but they do not reveal additional insights in the behavior of the GMM estimators.
Simulation Results
32 We disregard the moment conditions (28) that are due to homoscedasticity and the additional level moment condition (33) since they are rarely used in applied work. For the regression constant we exploit only the moment conditions (34) but not the conditions (27).
33 Appendix A describes the particular design of the transformation matrices. Note: We abbreviate the estimators as follows: "1s" and "2s" refer to one-stage and two-stage estimators, respectively. "QML" is the quasi-maximum likelihood estimator of Hsiao et al. (2002) , and "sGMM" refers to system GMM estimators. The subsequent digit declares one-step and twostep GMM estimators. We follow Blundell et al. (2001) to form the first-step weighting matrix (41). In parenthesis, we refer to the set of instruments. The bias statistic measures the average bias relative to the true parameter value, e.g. (λ − λ)/λ. RMSE is the root mean square error. The size statistics refer to the actual rejection rates of Wald tests that the parameter estimates equal their true values, given a nominal size of 5% and 10%, respectively. SE/SD is the average standard error relative to the standard deviation of the estimator for the 2500 replications. GMM standard errors are based on formula (38) with an unrestricted estimate of Ξ and the Windmeijer (2005) correction for two-step estimators. Two-stage standard errors account for the first-stage estimation error.
of the average standard error to the observed standard deviation is almost unity which supports our adjustment for the first-stage estimation error. When we look at the different GMM specifications it is evident that the one-stage system GMM estimator with the full set of instruments strongly suffers from instrument proliferation.
34 With 6.4% for λ and -47.7% for γ its bias is far off from any acceptable range. For β the bias is smaller, only -1.2%, but largest among the estimators under consideration. To the contrary, it shows the lowest RMSE among the GMM estimators for the latter coefficient. As a consequence of the large biases on the one hand and too conservative standard errors, after applying the Windmeijer (2005) correction, on the other hand, this estimator also shows considerable size distortions. For λ and γ the Wald tests overreject the null hypothesis while there is underrejection for β.
As we discuss in Section 4.3 and Appendix A, the first choice to reduce the number of instruments might be a restriction of the lag depth in forming the instrument matrix for the model in first differences. Choosing a maximum lag depth of two lags reduces the instrument count from 174 to 65 in our example. However, our results reveal that this approach does even more harm as the bias for λ and γ increases sizably. The efficiency loss from disregarding a large amount of information seems to outweigh the benefits of a more parsimonious instrument set. This is even more pronounced when we have a look at the Wald tests. For λ the null hypothesis is rejected in 76% of the cases for a nominal size of 5%. For γ the rejection rate is 41%. Surprisingly, the lag depth restriction seems to work well for the coefficient β both in terms of bias and size statistics.
The second possibility to obtain a set of instruments that grows linearly in T instead of quadratically is to collapse the instrument matrices into smaller blocks. With this approach we retain the whole available information in a condensed form and at the same time reduce the instrument count further to 33. The simulation results clearly provide evidence in favor of this approach. The bias of all three parameters is reduced strongly. The RMSE also improves considerably. In particular for λ and β, the Wald tests are still oversized as a consequence of too small standard errors although the rejection rates are much closer to the nominal size than in the previous cases.
The comparison of one-step and two-step GMM estimators yields a noteworthy insight. As expected the feasible efficient two-step system GMM estimator tends to produce more precise estimates of λ and β than the one-step analog. The bias is almost cut in half for λ and decreases to less than one third for β. Interestingly, this picture turns upside down for the coefficient γ of the time-invariant regressor. The bias is almost three times larger for the two-step estimator and also the RMSE increases slightly.
35 This seems to be a consequence of lower weights that the estimated second-step weighting matrix puts on the time-invariant instruments that convey the relevant information for the identification of γ.
As an alternative to one-stage GMM estimation that obtains all coefficients simultaneously we consider a two-stage GMM estimator that recovers the coefficients of the time-invariant regressors in a second stage. Since the quality of the second-stage results depends crucially on the precision of the first-stage estimates and as a consequence of the above finding, we use a GMM estimator with a collapsed instrument set in the first stage. Moreover, the two-stage approach allows us to exploit the efficiency gains of two-step GMM estimation for the time-varying regressors and still to put full weight on Table 2 for a description of the estimators. We report the average standard error ofγ relative to its standard deviation for the 2500 replications. Two-stage standard errors account for the first-stage estimation error, conventional standard errors assume homoscedastic error terms, and robust standard errors allow for heteroscedasticity through time.
the time-invariant instruments in the second stage. As a result, our two-stage estimator shows the lowest bias (in absolute value) among the group of GMM estimators. The cost of the two-stage approach is a moderately larger RMSE for γ that seems to be acceptable in the light of the improved size statistics. The improved size statistics seem to be a direct consequence of the more precise estimation of the standard errors. Table 3 shows that our correction of the second-stage standard errors to account for the first-stage estimation error performs well in comparison to uncorrected standard error estimates. The average ratio of the adjusted standard errors to the empirical standard deviation is close to unity for both two-stage estimators while the conventional standard errors and the heteroscedasticity-robust standard errors are too small. Moreover, the correction leads to standard error estimates that are more precise than the standard error estimates of the one-stage estimators.
The results for the other parameter designs broadly confirm the findings for the baseline calibration. However, a closer look at Tables 5 to 7 in Appendix D reveals some interesting further insights. Under design 2, when the variances of the unit-specific effects and the disturbances both equal unity, the GMM estimators can reduce the gap to the QML estimator although the latter retains its leading position. In particular, the system GMM estimator with the full instrument set benefits considerably from the reduction of the variance of the unit-specific effects. Yet, the weaknesses of one-stage two-step GMM estimators for the coefficients of time-invariant regressors are especially evident in this design. "1s-sGMM-2 (full)" produces a RMSE for γ that is 17 times as high as its onestep analog.
36 Also, the Wald tests now strongly underreject the null hypothesis thatλ orγ equal their true value, respectively, while there is overrejection under the baseline calibration.
When the persistence parameter λ is reduced to 0.4, as in design 3, the average bias and the RMSE of the two-stage QML approach increase for all three parameters. We can observe the same effect for the GMM estimates of λ. For β and γ, the GMM estimators tend to produce less biased but more dispersed estimates. Noteworthy, although the two-stage estimation procedures again have the smallest bias for γ, the two-stage two-step system GMM estimator now shows a smaller bias (in absolute terms) than the two-stage QML estimator. Also, the QML estimator now appears to suffer from an underestimation of the standard errors. The average ratio to the empirical standard deviation is only 0.46 for λ which is mainly a consequence of some outlying coefficient estimates close to unity. There are 39 estimates out of the 2500 replications that can be classified as outliers becauseλ lies in the interval (0.99, 1.08) while none of the estimates lies between 0.56 and 0.99. This bias in the first-stage standard errors also carries over partly to the second-stage standard errors.
Design 4 sets the correlation between the time-invariant regressor and the exogenous time-varying regressor to zero. We first note that the first-stage estimates of the QML approach are not affected at all by this change since it is solely based on the model in first differences that does not involve the time-invariant regressor. Importantly, the estimates for γ improve when f i is uncorrelated with x it . We can observe the strongest gains in terms of bias reduction for the two-stage GMM estimator. For the latter the average bias is almost cut in half. Nevertheless, the QML procedure still shows the smallest bias. Tables 8 to 10 in Appendix D show again simulation results for the baseline design 1 but now for different sample sizes. The ranking of the estimators remains mostly unchanged when the number of cross-sectional units increases. For N = 500 the onestage two-step system GMM estimator with the full set of instruments still produces a bias of -5% for the coefficient of the time-invariant regressor and suffers from notable size distortions for the parameters λ and γ. When the number of time periods is reduced to T = 5 the bias tends to increase, in particular for γ. For the system GMM estimator with non-collapsed instruments the bias goes up to -68%. The two-stage QML estimator still produces by far the best results with an average bias of -2.7%. The GMM estimation procedure all reveal considerable biases of at least 15% in combination with large size distortions.
Empirical Application: Dynamic Wage Regression
Factors that influence the rates of labor income have long been studied in theoretical models and empirical applications. The seminal work of Mincer (1974) laid the ground for a vast strand of literature in modern labor economics analyzing the impact of human capital on wages often referred to as the return to schooling. Mincer (1974) derives an earnings function that depends on the number of years of education and experience, as well as the squared number of years of experience. Andini (2007) introduces a dynamic version of the Mincer equation that adds previous period's labor income as an additional explanatory variable. Andini (2010a) argues in favor of the dynamic approach "that observed earnings do not instantaneously adjust to net potential earnings". With our empirical application we take up this idea and estimate a dynamic version of the Mincer equation controlling for additional factors. We include several time-invariant factors to analyze their potential impact on wages with the dynamic panel data methods discussed in this paper.
We use data for 882 individuals from the PSID. The time span of our sample ranges from 1985 to 1992. We only include household heads and wifes that report salary income for each of the eight consecutive years to obtain a balanced panel. Our dependent variable is the natural logarithm of salary per hour. Besides the lagged dependent variable, and labor market experience and its square, we include as a set of 10 industry dummy variables as additional time-varying controls. All remaining regressors are considered time-invariant even though some of them actually show some variation over time. However, this variation is often very small compared to the cross-sectional variation which might lead to a weak instruments problem for GMM estimators, or poor identification with any estimator solely based on the first-differenced equation. These variables are our schooling variable, age and squared age, public sector employment, labor union membership, and geographic region. For each of these pseudo time-invariant regressors we take their realization in 1992 and assign it to all time periods. Finally, we add gender and race as truly time-invariant regressors.
We proxy education by the number of years of schooling. Because all individuals in our sample are employed in all years, most of them already reached their final level of education before the initial year of the sample. This justifies our approach of using only the cross-sectional variation to identify the return to schooling. We also consider the age and squared age of the individuals as time-invariant regressors to circumvent collinearity problems with labor market experience. In first differences, both age and experience would shrink to a constant without cross-sectional variation, and we would not be able to identify their coefficients separately with any estimator that is solely based on the first-differenced equation as it is the case for the QML estimator. With the latter, identification of the coefficient of experience is based on its deterministic rise over time, while the age effect is identified solely through the cross-sectional variation in our second stage.
According to Spence (1973) workers choose their level of education to signal their ability to potential employers. Therefore, years of schooling are positively correlated with the unobservable ability of a worker. Not controlling for this endogeneity would lead to an upward bias in the estimation of the return to schooling when higher ability is associated with higher wages.
37 In the absence of excluded instruments, we follow the Hausman and Taylor (1981) identification strategy. Besides the lagged dependent variable and education we classify all regressors as uncorrelated with unobserved individual-specific ability. In particular, we want to use the level of the industry dummy for "professional and related services" in 1992 as an instrument for education. We notice that the sample correlation in our data set between this dummy variable and education is 0.31. The correlation conditional on the other time-invariant regressors, the partial R 2 , is still 0.1134, and the F -statistic for significance of the industry dummy in the regression of 37 See Boissiere et al. (1985) .
the instruments on the endogenous variable is 111.445.
38 In this industry, education does not only serve as a signal of the workers to their potential employers but the firms themselves are interested in a high education of their workers to signal their expertise to potential clients. However, we argue that allocation of workers across industries is not a matter of ability but a matter of worker's preferences. Krueger and Summers (1988) and Blackburn and Neumark (1992) find that ability cannot explain the inter-industry wage differentials which supports our approach to treat the industry dummy variables as exogenous. We do not add the other industry dummys and labor market experience to the set of instruments because their correlation with education is weak.
We estimate this dynamic Mincer equation with a one-stage and a two-stage system GMM estimator, and the two-stage QML estimator. Both GMM estimators are two-step estimators with a collapsed set of instruments, and where the first-step weighting matrix (41) is formed with H 2 . Standard errors are computed with the Windmeijer (2005) correction and our two-stage variance formula (21). We present the results first under the assumption that education is exogenous, and second assuming that it is correlated with unobserved ability. For the two-stage GMM estimator we treat all time-varying regressors as endogenous in the first stage because the time-invariant regressors are now part of the individual-specific effect.
39 Table 4 presents the estimation results. We recognize that the salary does not immediately adjust to changes in net potential earnings since previous period salary is a significant predictor of current salary. For labor market experience we find the humpshaped profile that is consistent with the Mincerian theory. Among the other regressors we want to focus primarily on the return to schooling. When we ignore the potential endogeneity of education we obtain significantly positiv coefficients for the schooling variable. Due to our dynamic setting, this coefficient should be interpreted as the effect of one additional year of schooling on the annual change of salary holding all other factors fixed. This effect ranges between 5.3 and 6.8 percentage points. The differences are related to the diverse speeds of adjustment. The implied long-run effects of education on the level of salary are very similar and range from 10.3 to 10.5 percent.
40 When comparing the results with the second specification that accounts for the endogeneity of education, recall that the first-stage results for the time-varying regressors remain unaffected. The estimated return to schooling is reduced as expected. For the one-stage system GMM estimator the short-run effect goes down to 4.7 percentage points and is still significant at the 5 percent level. For the two-stage estimators the point estimates are only 0.4 to 1.4 percentage points. Moreover, they are not significant any more. The implied long-run effect from the two-stage estimators is about 0.6 to 2.7 percent, although insignificant 38 Stock, Wright, and Yogo (2002) suggest that the F -statistic should exceed 10 for reliable inference. 39 As this application shall have illustrative character, we ignore sample selection issues and refrain from an extensive discussion of the exogeneity assumption that we impose on the other regressors besides education.
40 Let λ be the coefficient of the lagged dependent variable and β the coefficient of any other regressor. The corresponding long-run coefficient is given as β divided by the speed of adjustment 1 − λ. Individuals  882  882  882  882  882  882  Instruments (GMM) 178 167 177 167 * p < 0.1; ** p < 0.05; *** p < 0.01 Note: We abbreviate the estimators as follows: "1s" and "2s" refer to one-stage and two-stage estimators, respectively. "QML" is the quasi-maximum likelihood estimator of Hsiao et al. (2002) , and "sGMM" refers to two-step system GMM estimators. We follow Blundell et al. (2001) to form the first-step weighting matrix (41), and use a collapsed set of instruments. Standard errors are in parenthesis. GMM standard errors are based on formula (38) with an unrestricted estimate of Ξ and the Windmeijer (2005) correction for two-step estimators. Two-stage standard errors account for the first-stage estimation error.
as well. The different estimates of the one-and two-stage system GMM estimator can be partly explained by the set of instruments used to identify the return to schooling. While the two-stage estimator is exactly identified as it uses a single industry dummy variable as instrument for education, the one-stage estimator makes use of a whole set of overidentifying restrictions. Many of those additional instruments are weakly correlated with education. As a consequence, the one-stage estimate of the return to schooling tends to be biased towards the non-instrumented estimate.
Furthermore, we want to highlight the importance of the second-stage variance correction. Ignoring this correction could result in misleading inference. As an example, take the coefficient for government work from the two-stage GMM estimator with endogenous education. The reported standard error with the appropriate two-stage correction is 0.034 which implies significance on the 10 percent level only, while without the adjustment it is 0.026 which would incorrectly signal significance on the 5 percent level.
Conclusion
Estimation of linear dynamic panel data models with unobserved unit-specific heterogeneity is challenging when the time dimension is short. The identification of the coefficients of time-invariant regressors poses additional complications. Yet, these parameters can be of special interest.
The identification of the coefficients of time-invariant regressors requires additional assumptions on the orthogonality of the regressors and the unobserved unit-specific effects. These orthogonality assumptions imply additional moment conditions that we can use to form a GMM estimator that estimates all parameters simultaneously. As an alternative we propose a two-stage estimation strategy. In the first stage, we subsume the time-invariant regressors under the unit-specific effects and estimate the coefficients of the time-varying regressors. In the second stage, we apply an instrumental variable regression of the first-stage residuals for the last period on the time-invariant regressors. Both time-varying and time-invariant variables that are assumed to be uncorrelated with the unit-specific effects qualify as instruments in the second stage.
We can base the first-stage regression on any estimator that consistently estimates the coefficients of the time-varying regressors without relying on estimates of the coefficients of time-invariant regressors. In this paper, we discuss GMM-type estimators and the transformed maximum likelihood estimator of Hsiao et al. (2002) as potential firststage candidates. The latter is entirely based on the model in first differences and thus necessarily requires the two-stage approach to identify the coefficients of time-invariant regressors. In general, the two-stage approach is not restricted to models with a short time dimension. When the time span is large, a potential first-stage estimator might be the classical fixed effects estimator. The same is true for static models.
For GMM-type estimators the two-stage approach has three main advantages compared to the estimation of all parameters at once. First, the estimation of the coefficients of the time-varying regressors is robust to a model misspecification with regard to the time-invariant regressors. Second, too many overidentifying restrictions can bias the coefficients of endogenous time-invariant regressors towards their non-instrumented estimates. These overidentifying restrictions naturally arise from the presence of timevarying regressors in one-stage system GMM estimation, while in the second stage of our two-stage procedure the number of instruments can be easily reduced by selecting only the appropriate ones. Third, the estimated weighting matrix of the feasible efficient two-step system GMM estimator puts less weight on the time-invariant instruments than the inefficient one-step analog. Our Monte Carlo experiments confirm that this results in less precisely estimated coefficients of the time-invariant regressors because their identification hinges on the information that the time-invariant instruments convey. The two-stage approach circumvents this issue.
Our Monte Carlo analysis furthermore points out that GMM estimators that are based on the full set of available moment conditions suffer from instrument proliferation already at a modest time span. Reducing the number of instruments by collapsing the instrument matrices into smaller blocks improves the finite sample performance considerably. In contrast, reducing the instrument count by limiting the number of lags used to form the instrument matrices leads to a deterioration of the results. While the former approach still uses the whole information in a condensed form, the latter discards a large amount of the available information completely. This insight is also important for our twostage approach because large first-stage estimation errors translate into poor secondstage estimates. In particular for the coefficients of time-invariant regressors only GMM estimators with collapsed instrument matrices produce reliable results. When we compare the various GMM specifications with the transformed likelihood approach, our simulation results provide strong evidence in favor of the latter in the presence of strictly exogenous time-varying regressors.
Importantly, the two-stage approach requires an adjustment of the second-stage standard errors due to the additional variation that is coming from the first-stage estimation error. We provide the asymptotic variance formula for the second-stage estimator. Our Monte Carlo results demonstrate that the adjustment works well and is quantitatively important. The relevance of the standard error correction is also demonstrated in our empirical application.
A Transformations of GMM Instruments
This appendix provides examples of the transformation matrix R that are relevant in practical applications. For simplicity, we disregard the moment conditions (28) that are based on the homoscedasticity of u it . In the following, we restrict our attention to block-diagonal versions of R:
Similarly, we consider a block-diagonal partition of the transformation matrix for the first-differenced equation:
Often, the instrument count is reduced by restricting the number of lags used to construct the instrument matrix. This procedure is equivalent to the construction of a transformation matrix R d that selects the appropriate columns of the full matrix Z d i . As an example, the following matrices restrict the lag depth to κ ≥ 1 for both y i,t−1 and strictly exogenous x it while also discarding future values of the latter:
where J s,κ = I s if s ≤ κ, and J s,κ = (0, I κ ) with dimension s × κ if s > κ, and J * s,κ = (J s+2,κ , 0) with dimension (T + 1) × min{s + 2, κ}. We set R d f = I T −1 in this case.
Alternatively, the dimension of the instrument matrix can be reduced by collapsing it into smaller blocks. The following transformation matrices linearly combine the columns of Z d i , again for the case of strictly exogenous regressors x it :
. . .
whereJ s1,s2,s3 = (0 s2×s1 ,Ĩ s2 , 0 s2×s3 ) with dimension s 2 × (s 1 + s 2 + s 3 ), andĨ s2 is the s 2 -dimensional mirror identity matrix with ones on the antidiagonal and zeros elsewhere. (25) is condensed into K x (2T − 1) conditions. The instrument block containing f i can be collapsed by setting
The transformation matrices can be further adjusted to combine the collapsing approach with the lag depth restriction.
The instruments for the level equation, for clarity ignoring the moment conditions (33), can be collapsed into a set of standard instruments by applying the following transformation:
B Consistency of the First-Stage QML Estimator
The following consistency proof for the estimated first-stage parameter vectorφ follows closely the lines in Hsiao et al. (2002) for their minimum distance estimator in the absence of additional regressors. In the generalized case with exogenous regressors, we have:φ
We will now show that the last term has a zero mean. Therefore, we make use of the matrix decompositionΩ −1 = A Ã −1 A, proposed by Hsiao et al. (2002) , where
and a s+1 − 2a s + a s−1 = 0, s = 1, 2, . . . , T , with a 0 = 1 and a 1 = ω. We can now show that the last term in the expression above equals:
Note that in the case of strictly exogenous regressors ξ i1 = q i1 + ∞ j=0 λ j ∆u i,1−j under the assumption that the data generating process of y it started in the infinite past, where q i1 is independently distributed of ∆x i with mean zero and constant variance. Under strict exogeneity of x it , the first, second and last entry of the above vector are obviously zero in expectations. It remains to show that the expected value of the third entry is zero as well. Therefore, we make use of the following relationships:
With
37
and consequently:
C Derivation of the Coefficient of Determination
The two processes in first-differences are:
The unconditional variance of ∆y it can then be written as:
V ar(∆y it ) = Cov(∆y it , λ∆y i,t−1 + β∆x it + ∆u it ) = λCov(∆y it , ∆y i,t−1 ) + βCov(∆y it , ∆x it ) + Cov(∆y it , ∆u it ).
We need to determine the individual components and start with the last term:
since the disturbances are i.i.d. and uncorrelated with x it due to the strict exogeneity assumption. For the remaining terms we need to calculate the variance and autocovariances of ∆x it first:
Also,
Together, the above results for the variance and first-order autocovariance of ∆x it yield:
since V ar(∆x it ) = V ar(∆x i,t−1 ) due to stationarity, and 1 − φ 2 = (1 − φ)(1 + φ). Consequently,
For use below, the higher order autocovariances of ∆x it follow straightforwardly from the first-order autocovariance since Cov(∆x i,t−j , ∆ it ) = 0 ∀j ≥ 2:
since Cov(∆x i,t−(j−1) , ∆x i,t−j ) = Cov(∆x it , ∆x i,t−1 ) again due to stationarity. Now, we can derive an expression for the second term in (76):
It remains to determine the first-order autocovariance of ∆y it :
Cov(∆y it , ∆y i,t−1 ) = Cov(λ∆y i,t−1 + β∆x it + ∆u it , ∆y i,t−1 ) = λV ar(∆y it ) + βCov(∆y i,t−1 , ∆x it ) + Cov(∆y i,t−1 , ∆u it ), (86) where V ar(∆y i,t−1 ) = V ar(∆y it ) again due to stationarity, and
Moreover,
40
Finally, we can insert all results into (76) and obtain:
The conditional variance of ∆y it given the realizations of current and past ∆x it is simply:
Taking everything together we get the coefficient of determination for the first-differenced model: Note: We abbreviate the estimators as follows: "1s" and "2s" refer to one-stage and two-stage estimators, respectively. "QML" is the quasi-maximum likelihood estimator of Hsiao et al. (2002) , and "sGMM" refers to system GMM estimators. The subsequent digit declares one-step and twostep GMM estimators. We follow Blundell et al. (2001) to form the first-step weighting matrix (41). In parenthesis, we refer to the set of instruments. The bias statistic measures the average bias relative to the true parameter value, e.g. (λ − λ)/λ. RMSE is the root mean square error. The size statistics refer to the actual rejection rates of Wald tests that the parameter estimates equal their true values, given a nominal size of 5% and 10%, respectively. SE/SD is the average standard error relative to the standard deviation of the estimator for the 2500 replications. GMM standard errors are based on formula (38) with an unrestricted estimate of Ξ and the Windmeijer (2005) correction for two-step estimators. Two-stage standard errors account for the first-stage estimation error. Note: We abbreviate the estimators as follows: "1s" and "2s" refer to one-stage and two-stage estimators, respectively. "QML" is the quasi-maximum likelihood estimator of Hsiao et al. (2002) , and "sGMM" refers to system GMM estimators. The subsequent digit declares one-step and twostep GMM estimators. We follow Blundell et al. (2001) to form the first-step weighting matrix (41). In parenthesis, we refer to the set of instruments. The bias statistic measures the average bias relative to the true parameter value, e.g. (λ − λ)/λ. RMSE is the root mean square error. The size statistics refer to the actual rejection rates of Wald tests that the parameter estimates equal their true values, given a nominal size of 5% and 10%, respectively. SE/SD is the average standard error relative to the standard deviation of the estimator for the 2500 replications. GMM standard errors are based on formula (38) with an unrestricted estimate of Ξ and the Windmeijer (2005) correction for two-step estimators. Two-stage standard errors account for the first-stage estimation error. Note: We abbreviate the estimators as follows: "1s" and "2s" refer to one-stage and two-stage estimators, respectively. "QML" is the quasi-maximum likelihood estimator of Hsiao et al. (2002) , and "sGMM" refers to system GMM estimators. The subsequent digit declares one-step and twostep GMM estimators. We follow Blundell et al. (2001) to form the first-step weighting matrix (41). In parenthesis, we refer to the set of instruments. The bias statistic measures the average bias relative to the true parameter value, e.g. (λ − λ)/λ. RMSE is the root mean square error. The size statistics refer to the actual rejection rates of Wald tests that the parameter estimates equal their true values, given a nominal size of 5% and 10%, respectively. SE/SD is the average standard error relative to the standard deviation of the estimator for the 2500 replications. GMM standard errors are based on formula (38) with an unrestricted estimate of Ξ and the Windmeijer (2005) correction for two-step estimators. Two-stage standard errors account for the first-stage estimation error. Note: We abbreviate the estimators as follows: "1s" and "2s" refer to one-stage and two-stage estimators, respectively. "QML" is the quasi-maximum likelihood estimator of Hsiao et al. (2002) , and "sGMM" refers to system GMM estimators. The subsequent digit declares one-step and twostep GMM estimators. We follow Blundell et al. (2001) to form the first-step weighting matrix (41). In parenthesis, we refer to the set of instruments. The bias statistic measures the average bias relative to the true parameter value, e.g. (λ − λ)/λ. RMSE is the root mean square error. The size statistics refer to the actual rejection rates of Wald tests that the parameter estimates equal their true values, given a nominal size of 5% and 10%, respectively. SE/SD is the average standard error relative to the standard deviation of the estimator for the 2500 replications. GMM standard errors are based on formula (38) with an unrestricted estimate of Ξ and the Windmeijer (2005) correction for two-step estimators. Two-stage standard errors account for the first-stage estimation error. Note: We abbreviate the estimators as follows: "1s" and "2s" refer to one-stage and two-stage estimators, respectively. "QML" is the quasi-maximum likelihood estimator of Hsiao et al. (2002) , and "sGMM" refers to system GMM estimators. The subsequent digit declares one-step and twostep GMM estimators. We follow Blundell et al. (2001) to form the first-step weighting matrix (41). In parenthesis, we refer to the set of instruments. The bias statistic measures the average bias relative to the true parameter value, e.g. (λ − λ)/λ. RMSE is the root mean square error. The size statistics refer to the actual rejection rates of Wald tests that the parameter estimates equal their true values, given a nominal size of 5% and 10%, respectively. SE/SD is the average standard error relative to the standard deviation of the estimator for the 2500 replications. GMM standard errors are based on formula (38) with an unrestricted estimate of Ξ and the Windmeijer (2005) correction for two-step estimators. Two-stage standard errors account for the first-stage estimation error. Note: We abbreviate the estimators as follows: "1s" and "2s" refer to one-stage and two-stage estimators, respectively. "QML" is the quasi-maximum likelihood estimator of Hsiao et al. (2002) , and "sGMM" refers to system GMM estimators. The subsequent digit declares one-step and twostep GMM estimators. We follow Blundell et al. (2001) to form the first-step weighting matrix (41). In parenthesis, we refer to the set of instruments. The bias statistic measures the average bias relative to the true parameter value, e.g. (λ − λ)/λ. RMSE is the root mean square error. The size statistics refer to the actual rejection rates of Wald tests that the parameter estimates equal their true values, given a nominal size of 5% and 10%, respectively. SE/SD is the average standard error relative to the standard deviation of the estimator for the 2500 replications. GMM standard errors are based on formula (38) with an unrestricted estimate of Ξ and the Windmeijer (2005) correction for two-step estimators. Two-stage standard errors account for the first-stage estimation error.
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D Tables with Simulation Results
